Efficient state of charge management of plug-in hybrid electric vehicles (PHEVs) differs from their nonplug-in counterparts through the utilization of a charge depleting (CD) mode of operation. Several studies have shown that a blended mode of CD holds fuel economy advantages over a CD and charge sustaining (CS) combination, however, these approaches assume knowledge of the total journey distance. Here, this assumption is relaxed and the state of charge trajectory was recalculated online using a weaker assumption that only a probability distribution accumulated over past trips is available. The importance of other contributing factors to the state of charge profile such as vehicle velocity and altitude is also assessed. Simulation results on a prototype plug-in hybrid are presented with an adaptive equivalent consumption minimization strategy (ECMS) used by the powertrain management to track the proposed state of charge trajectory. The financial and environmental benefits of the proposed approach relative to other state of charge management strategies are then calculated over a number of different cycles and conditions.
Introduction
With up-front costs and range anxiety often cited as detractors for fully electric vehicles, PHEVs offer a potentially attractive alternative for consumers and fleets seeking lower running costs and tailpipe emissions. Many of the current PHEV architectures utilize a parallel or series-parallel arrangement, and as with parallel hybrid powertrains the fuel economy of a plug-in variant is significantly affected by how the battery and engine are scheduled.
While initial work on PHEVs considered using a CD-CS strategy, where the vehicle was run in EV-mode until some state of charge limit was reached, the benefits of utilizing a blended mode of operation were noted in Refs. [1, 2] . Various heuristic methods have been suggested to capitalize on the extra degree-of-freedom (DOF) offered by plug-in capability [3, 4] but typically lack any guarantee of performance.
To ensure optimality of blended mode operation, however, both the distance between recharges and the driving conditions must be known a priori. Stochastic dynamic programming using a set of possible drive cycles has been suggested as one way of coping with unknown drive cycle information [5] , but requires potentially large computation times and the existence of statistically relevant datasets-although the former issue has been partially addressed in Ref. [6] .
ECMS using Pontryagin's minimum principle have been analytically shown to be fuel-optimal for parallel hybrid powertrains [7] , when state constraints are not active. ECMS was first demonstrated on plug-in hybrids using large datasets of drive cycles in Ref. [8] . The exact implementation of ECMS requires the drive cycle to be known in advance, so that the fuel-optimal Lagrange parameter (denoting the equivalent cost ratio of fuel and electricity to ensure the state of charge endpoint is met) may be calculated. Other variants of the ECMS approach include the integration of sliding modes [9] and the incorporation of other vehicle considerations including tailpipe emissions [10] .
The fuel performance of ECMS has previously been shown to be reasonably approximated by adapting the Lagrange multiplier using feedback on the state of charge [11, 12] . To update in this manner requires a reference state of charge trajectory, which ideally should estimate the possible future regeneration capability of the battery. This latter point includes consideration of vehicle deceleration due to traffic or terrain, with some small advantage in altitude profile observed in Ref. [13] . Meanwhile, Ambuhl and Guzzella [14] demonstrated an approach for developing a state of charge reference for use with CS operation of parallel hybrids, although extending to PHEVs still requires knowledge of the trip duration-a common assumption in PHEV energy management.
Furthermore with a few exceptions, e.g., Ref. [13] , the battery is typically considered the only source of stored energy in the vehicle. This ignores any influence of either altitude (potential energy) or velocity (kinetic energy) on the state of charge trajectory, and the implication of this simplification on the state of charge reference has not been addressed.
In Ref. [15] , the importance of uncertainty in the fuel maps used by the Pontryagin's minimum principle-based hybrid controller was assessed. In this work, the uncertainty associated with vehicle operation is linked with aspects external to the vehicle and principally focusing on the journey undertaken. Consequently, the assumption of known trip duration is partially relaxed and instead it is assumed that only a probability density function (PDF) of distance between recharges is available and the battery efficiency is independent of state of charge. The importance of uncertainties in the other potential state of charge influences for PHEVs, altitude, and vehicle velocity is also assessed qualitatively and quantitatively for a prototype PHEV under development at IFP Energies Nouvelles. Tracking of the reference trajectory using an adaptive ECMS on a comprehensive simulation platform is undertaken to establish the fuel economy and CO 2 significance of the proposed approach.
completeness, the Pontryagin's minimum principle-based ECMS strategy used in the simulations will also be summarized.
Vehicle and Simulator.
The vehicle used is a prototype developed at IFP Energies Nouvelles and based on the platform of a Renault Kangoo van. It is a parallel hybrid with potential plugin PHEV functionality. The architecture is shown in Fig. 1 . The vehicle is equipped with a PSA ET3J4 engine which is a naturally aspirated, four-cylinder, 1.346 l gasoline engine producing maximum torque of 120 Nm and maximum power of 65 kW.
A five-speed robotized gear box mediates between the engine and the differential. As well as a 37.7 kW, 36 Nm Parvex electric motor having maximum speed of 20,000 rpm, there is also a starter-generator (SSG) available in the powertrain. The SSG in the present architecture is only used to startup the engine and not to supply power to the wheels and it is powered separately through a lead acid battery. The energy storage system has a Liion cell based battery of capacity 39 Ah and voltage between 145 V and 216 V.
The vehicle's electrical and fuel consumption was estimated over different driving conditions using the hybrid optimization tool, an in-house software developed within IFP Energies Nouvelles that contains detailed submodels derived from experimental data, and used for optimizing energy management in hybrid vehicle using principles of optimal control. This software has previously been used in the development and optimization of many hybrid powertrain controllers, for example, Refs. [16] [17] [18] .
As the focus of PHEV usage is in urban environments, two urban cycles were used as the basis of the simulated drive cycles. The world harmonized light duty test procedure (WLTP) is mooted to become the regulatory cycle in several countries [19] , while five consecutive repetitions of a modem-Hyzem urban base cycle [20] were also used. Both cycles are illustrated in Fig. 2 . The WLTP cycle lasts 1800 s and covers 23.195 km, while the iterations of the modem-Hyzem urban cycle last 2800 s and cover 17.348 km. These were combined as discussed in Secs. 3 and 4 of this paper to produce cycles of longer durations.
As none of the cycles contain altitude variation, a triangular profile was used when altitude variations were considered. The maximum height was taken to be 200 m based on the maximum altitude variation in the Rueil Malmaison city area, where IFP Energies Nouvelles is located. A 4% constant grade was used, with incomplete parts of the altitude waveform removed as illustrated for two consecutive iterations of the modem-Hyzem cycle in Fig. 3 . This combined cycle has a total duration of 3600 s and 46,134 m.
PHEV Powertrain
Controller. Quasi-steady models for instantaneous fuel and battery charge consumption, f(t, u) and g(t, u), respectively, are typically used in a general Hamiltonianbased controller design [7, 12, 11, 18, 21, 22] for a hybrid powertrain with control inputs u at time t. The cumulative consumption of fuel, m f , and electrical charge, q after T seconds of driving is then
In a Pontryagin's minimum principle-based controller, the resulting Hamiltonian, H may then be described as Hðf ; g; u; tÞ ¼ f ðu; tÞ þ sðtÞgðu; tÞ
A map-based implementation is utilized to minimize the Hamiltonian through the selection of the parameters torque split and engine gear in this work and is very similar to other implementations discussed in Refs. [23, 24] . The vehicle speed, total required torque (i.e., the sum of the engine and motor torques), and equivalence factor, s, are used to generate a Hamiltonian surface for each gear. These are then sampled at discrete points to determine the minimum value of the Hamiltonian in each gear, and the overall minimum is then chosen so that the optimizing input u* is a vector consisting of torque split and gear.
If the constraint set is represented by U t , the whole process is represented by the operation
Hðf ; g; u; tÞ
Note that s is termed the equivalence factor as it represents the fuel-electricity equivalence, hence any approaches using a Hamiltonian of the form (3) are termed Equivalent Consumption Management Strategies. If the drive cycle is known a priori, the optimal value s(t): ¼ s* can be determined numerically as a constant that drives battery state of charge at the end of the cycle to a desired level.
In practice of course, the full drive cycle is unknown. However, a close-to-optimal, time varying s(t) can be continually updated to enforce tracking of a given state of charge reference trajectory, q ref .
For nonplug-in hybrids, the value of q ref is a constant, as overall CS operation is sought. The scheduling of q ref for PHEV operation will be dealt with in Sec. 4, but can be considered as varying with distance traveled, hence it is more appropriate to now parameterize the state of charge and Lagrange multipliers in terms of distance, x, rather than time.
The update law used for s(x) was the proportional control based on the difference between the actual and reference battery states of charge, q and q
The values of s 0 and K p can be optimally selected if the drive cycle is known a priori, however in the absence of this information setting the values amounts to a tuning exercise balancing convergence rate and deviations from s 0 toward the optimal s. As with proportional control, larger values of K p lead to faster convergence, but also lead to larger deviations in s(x) which can cause rapid mode shifts as the ECMS controller reacts to a rapidly changing relative cost. In practice, these mode shifts can induce net fuel penalties when excess fuel is required for engine start, although these are typically unmodeled.
The situation is illustrated for an initial condition of s 0 ¼ 2.5 using four different values of K p during the modem-Hyzem base cycle in Fig. 4 . The optimal value of the Lagrange multiplier may be calculated offline for this drive cycle as s* ¼ 2.375. For K p < 1, the convergence rate is too slow to be of use, while for K p > 10 the fluctuations in s(x) become significant and will adversely impact on the ECMS controller. Conversely, the observed fluctuations in s(x) using K p ¼ 10 are within 0.05, and s(x) exhibits a reasonable rate of convergence and so this value is used subsequently throughout this work. Some prior implementations of Eq. (5) have included an integral term in an attempt to reject all steady-state offset in s(x), e.g., Ref. [14] , although negligible benefit was observed in simulation when K p ¼ 10 and the proportional law of Ref. [23] was maintained.
Proposed State of Charge Reference Generation
In this work, journey refers to the distance traveled between grid-based recharging of the battery and may actually constitute multiple shorter trips. While all current states and on-board variables required by the hybrid powertrain controller (such as the fuel and electrical consumption maps and battery limits) are assumed available, in this work only limited information is available regarding the journey itself, as formalized in the following assumption: ASSUMPTION 1. At the current distance since recharge, x, the following information is available to the PHEV controller:
-Measurements of the current battery state of charge, q(x), velocity, v(x), and altitude, h(x). -A PDF of the total trip distance, p X (x f ).
-A conditional PDF of the final altitude given the trip distance, p H ðhjx f Þ. -An upper bound on the trip altitude, jhðxÞ À hðx f Þj < d h .
-The final velocity is zero, v(x f ) ¼ 0 and v(x) < d v .
Remark 1. The PDFs of Assumption 1 could be progressively obtained for a given vehicle by logging the distance traveled and altitude difference at each recharge. In some cases, more precise information may be available. For example, the final destination of the current journey may be entered by the driver into the vehicle navigation system, leading to exact knowledge of the trip distance, and also stored topographical knowledge may be used in conjunction with route planning algorithms to obtain the values of altitude as functions of position. These situations are handled by modifying the PDFs accordingly, for example, the PDFs for trip distance and final altitude will approach delta functions as the uncertainty approaches zero.
Using the available PDF of trip duration, a conditional expectation based on the current distance traveled, x, may be used as follows:
Note that the functionx f ðxÞ is completely calculable from Eq. (6) a priori. Using Eq. (6), the final altitude may be estimated from the conditional probabilitŷ
In developing a reference trajectory for the powertrain controller, all components of energy potentially play a role. These include the battery state of charge (chemical energy), the velocity (kinetic energy), and altitude (potential energy) all of which may be mapped to a virtual state of charge, q v . The regenerative braking fractions, g r p and g r k , are, respectively, defined as the average fraction of potential and kinetic energy converted to battery charge after all frictional and electrical losses are taken into account. With these definitions made, a virtual state of charge of the vehicle, q v (.) is now introduced and may be expressed as a function of the current distance, x, as follows:
2C batt (8) This function, q v represents the reference profile that would be tracked by the powertrain controller and uses current measurements of state of charge with corrections for the current velocity and altitude of the vehicle. The significance of the various components of Eq. (8) will be investigated subsequently, however, first the following cost function is proposed to distinguish between virtual state of charge trajectories from an initial condition q v (0) to a desired final condition q v (x f ): 
In Eq. (9), the first term represents the weighted (by some nonnegative constant a) fuel penalty associated with operation at a given battery state of charge and considers two components. The numerator, C ECMS (.), is a nonlinear function indicating the relative fuel penalty arising from the use of the ECMS controller at lower battery state of charge levels. This penalty arises as the controller suffers from reduced DOF as the state of charge approaches the minimum allowable level, and this leads to suboptimal operation in terms of fuel economy. The battery efficiency, g elec is also typically dependent on state of charge, and so is represented inversely in the first term in the integrand as there will be potential fuel benefits to staying in high regions. The second term in Eq. (9) is necessary to ensure that q v approaches its desired final state which is assumed to have been chosen to maximize utility of the available range.
As it is virtually impossible to analytically represent C ECMS , the choice of a ¼ 0 is made and the following Lemma is used to generate the virtual reference trajectory. LEMMA 1. For the cost function (9) with a ¼ 0, a locally minimizing virtual reference trajectory that moves the virtual state of charge from q v (0) to q v (x f ) is
Proof. Let dq v ðxÞ=dx be a constant u satisfying the boundary conditions on q v (x). Now assume that a small linear perturbation, n where jnj < u, is applied that improves the overall cost, i.e., dq v ðxÞ=dx
It follows that n ¼ 0 minimizes Eq. (9) and consequently the result of the Lemma holds by counter example. In the event that the state-dependant term in the cost function (9) can be stated, determination of the optimal trajectory requires the solution of a Riccati-like equation, and the overall problem formulation with uncertain end distance is analogous in many respects to the LTI problem described in Ref. [25] . In essence, the optimal virtual state of charge trajectory will form a slight curve with greater durations spent in higher efficiency state of charge regions, although this would require a sufficiently fast controller Eq. (5) with the ability to track this trajectory curve sufficiently closely to capitalize on nonuniformities in battery efficiency.
While Eq. (10) specifies a linear trajectory from an initial state of charge, the final desired value q v (x f ) has not been specified explicitly. There is clear evidence (e.g., Ref. [1] ) that a blended mode of operation with maximum utility of the available battery range leads to minimal fuel consumption when state of charge constraints are not encountered. If full trip information is available, the virtual state of charge trajectory may be modified to ensure that the minimum battery charge constraint is avoided through the addition of D Ã q , i.e.,
where D Ã q is chosen to be the minimum constant value ensuring that the minimum battery state of charge constraint, q min is not violated.
However, from Assumption 1 only bounds d h and d v are known so the following more conservative approach may be used:
In practice, Eq. (14) is likely to introduce a larger than necessary offset from q min at the end of the journey and so this may be treated as a tunable parameter representing a tradeoff between selecting D q too low (giving good battery utilization but potentially encountering the state constraint) and selecting it too high (avoiding the state of charge constraint but delivering incomplete utilization of the battery).
Having established a virtual state of charge trajectory from physical arguments, the following subsections serve initially to ascertain the relative importance of the different components in Eq. (8).
3.1 Importance of Velocity. Cycles with zero altitude difference were used to reduce the right-hand side of Eq. (8) to battery charge and velocity dependent terms. The trip distance was assumed known (i.e., the PDF of total trip distance was taken to be a delta function in Eq. (6)). This isolates the influence of velocity on the deviation from linear of the optimal state of charge according to Eq. (10). The offset D q was set to zero, so the final state of charge setpoint and the minimum allowable battery level were both set to 35%.
An offline approach was used to estimate unknown parameter, g r k , as this is not a physical value but an average across a wide range of driving conditions. The approach used the state of charge difference between the linear decrease and a state of charge profile returned from an offline (using complete trip information) Pontryagin minimum principle-based solution for the WLTP cycle. This state of charge difference was solely attributed to the velocity dependence, and a least squares estimate for g r k subsequently calculated as 0.54.
The online solutions could now be compared using an adaptive ECMS in Eq. (5) for the reference trajectories with and without the velocity correction over a number of cycles. To minimize the effect of the proportional feedback dynamics, the optimal Lagrange multiplier s* was calculated a priori for all the drive cycles tested and two initial conditions of the Lagrange multiplier s 0 ¼ s* 6 0.1 were used.
The fuel used after running the online ECMS using the virtual state of charge with and without velocity correction is shown in Table 1 . Inclusion of the velocity correction leads to an average fuel economy improvement across the four test cases of under 0.02 l/100 km, with an associated slightly reduced battery state of charge at the end of the cycles. If the fuel consumption is corrected for the state of charge difference, there remains a very slight improvement which may be attributed to avoiding the q min state of charge level, where the ECMS has reduced DOF in selecting the powertrain split. However, this change is small enough to be considered negligible. From Eq. (8), this is not entirely unexpected as the large battery capacities inherent in PHEVs mean the state of charge fluctuations due to velocity are likely to be small.
A potentially important consequence of this is that there is also likely to be minimal benefit to using the velocity information online to schedule powersplit in PHEVs, despite small benefits seen in model predictive control implementations utilizing future velocity information in parallel hybrid powertrains [26, 27] .
3.2 Importance of Altitude. As described in Sec. 2.1, road altitude is now artificially embedded into the different cycles using a twin triangular waveform with a peak height of 200 m, and the relevance of this addition was investigated in the same manner as the vehicle velocity. The least squares estimate of g Table 2 . Note that the fuel consumptions differ between Tables 1  and 2 due to the additional work required as the vehicle traverses the added altitude profile.
Although slightly larger than seen for velocity, the magnitude of the fuel consumption advantage using the additional correction terms remains marginal and can likely be neglected in the case of PHEVs. This is consistent with findings by Ref. [13] for larger battery capacities.
The only case where a substantial relative difference was observed occurs on four consecutive iterations of the modemHyzem cycle. Here, the incorporation of both velocity and altitude information leads to a lower fuel consumption, but this is mainly due to the greater utilization of the state of charge range. In some extreme cases, having the correction terms may cause the reference trajectory to encounter the state of charge limit prematurely, leading to fuel consumption penalties arising from reduced DOF available to the controller and highlighting the reasoning behind the incorporation of D q in Eq. (13).
Results
To assess the performance of the proposed approach, simulations were conducted on composite cycles with end distances stochastically determined within the cycle by a specified probability distribution. No altitude variation was augmented onto the cycles given the results of Sec. 3, however, the existence of altitude is encompassed by using D q ¼ 0:05 in Eq. (13) . Given the parameters identified earlier, this correlates with an uncertainty in altitude of d h ¼ 150 m.
To provide a benchmark for the performance of the proposed approach, other alternative strategies were considered as described below:
• CD-CS strategy: This involves running in electric-only mode until the minimum state of charge level is reached, and then switching to a CS operation about this level.
• Shortest journey: This assumes that the shortest journey possible from p X (x) is undertaken in all journeys and linearly schedules SoC accordingly. If the distance is surpassed, the strategy switches to CS.
• Mean journey: This assumes that the mean journey distance evaluated before the trip,xð0Þ, is undertaken in all journeys. If the distance is surpassed, the strategy switches to CS.
• Longest journey: This assumes that the longest journey distance is undertaken in all journeys. This strategy never requires a CS mode.
The performance of each approach was measured according to both financial and environmental considerations over the weighted average of all possible end durations in each cycle.
The financial assumptions used in the performance assessments are the cost of fuel and electricity, which is 1.4 Euro/l and 0.2 Euro/kWh, respectively. The emissions intensity of electricity is assumed to be 94.7 g CO 2 /MJ and 148 g CO 2 /MJ in Europe and the U.S., respectively [28] , while gasoline is assumed to have an emissions intensity of 2.32 kg CO 2 /l.
Two types of probability distribution are now considered, with a bidelta distribution used to illustrate the approach, and then a more representative distribution for PHEV operation.
4.1 Bidelta Distance Probability Distribution. In the first case study to demonstrate the proposed state of charge reference generator, a drive cycle composed of two iterations of the WLTP cycle, followed by eight iterations of the modem-Hyzem and finished with a further iteration of the WLTP cycle is considered. The trip duration distribution, p X , is assumed to take a bidelta distribution, with probability p the vehicle is recharged after the first two WLTP cycles (46 km) and probability 1Àp the full cycle is undertaken (104 km). The distribution is illustrated for the case p ¼ 0.8 in Fig. 5 .
The different state of charge reference strategies is depicted in Fig. 6 , for p ¼ 0.2, and encapsulate the tradeoff facing the approach. In the case of the CD-CS strategy, there will always be good utilization of the available battery storage, but extended operation at the lower state of charge limit and the associated constrained operation by the ECMS during the CS operation have the potential to lead to fuel penalties. On the other hand, conservative use of the battery capacity will lead to higher than desirable fuel consumption in many cases.
The algorithms were run for both p ¼ 0.2 and 0.8, with the cumulative performance over all trips (weighted by the probability of the journey) for each of the strategies relative to the proposed one contained in Table 3 . In keeping with known results, the CD-CS strategy is shown to be considerably worse than any of the blended strategies. However, among the blended strategies the performance relative to the proposed strategy is much closer. This is attributable to several factors. First, the short and long strategies will be fueloptimal for a proportion of simulations. When not fuel-optimal, the fuel impact will depend on the drive cycle itself, the duration spent at the state of charge limit (for underestimation of journey length) and the proximity to the state of charge limit (for overestimation of journey distance). The severity of the controller constraints when operating at the state of charge limit is partially negated through the incorporation of the D q variable.
4.2 Pseudo-Continuous Probability Distribution. Section 4.1 considered a bidelta probability distribution for the purposes of outlining the proposed strategy. However, the choice of distances is not indicative of the likely consumer usage of plug-in capability, and so a different probability distribution is now constructed. The full cycle considers four iterations of the modem-Hyzem cycle, followed by four iterations of the WLTP and a further eight iterations of modem-Hyzem. This construct allows journey terminations at 17 km, 40 km, 63 km, 98 km, and 144 km. Note that the first represents all journeys in the electric range (as this vehicle has an all electric range of approximately 17 km).
The probability distribution for journey duration was postulated to decay almost exponentially with distance, as illustrated in Fig. 7 . Here, the shortest journey and the CD-CS strategies are equivalent and thus merged. The cumulative performance of the remaining state of charge profiles was assessed using the same metrics and indicators as in Sec. 4.1, with the results relative to the proposed strategy presented in Table 4 .
Under these conditions, it appears that there are relative financial and CO 2 advantages to running with either the proposed or the mean journey state of charge references. The difference between always assuming the mean journey and the proposed strategies is only very slight however. This is attributable largely to the long tail on the PDF meaning the two strategies are relatively close, albeit with the proposed strategy always being above the state of charge limit. As was seen in Sec. 4.1, the incorporation of D q ¼ 0.05 led to only a small penalty for running at the minimum state of charge, and this accounts for the small observed difference.
To quantify this effect, the mean strategy was repeated with D q removed, and an increase in fuel consumption up to 3.2% was observed for the longest possible cycle. Using the cumulative performance indices relative to the proposed strategy showed that the mean strategy was 0.9% worse in terms of fuel consumption and European CO 2 , and 1.5% worse in terms of U.S. CO 2 emissions levels. This difference is solely attributable to the reduced DOF available to the powertrain controller.
Conclusions
A novel approach for battery state of charge scheduling for PHEVs was proposed, with the novelty arising from the removal of the standard assumption that the entire journey including distance to recharge, velocity, and altitude profiles is known a priori. Instead, weaker assumptions of a PDF of distances between recharges and bounds on the velocity and altitude were made, as could be developed readily as the vehicle is used by the owner. It was found that correcting for the vehicle velocity and altitude had negligible impact on the overall fuel consumption of the vehicle over the drive cycles considered, primarily due to the larger battery capacity of PHEV resulting in relatively small state of charge deviations that could not be tracked by the ECMS-based controller sufficiently well to deliver performance improvements. The more significant variable was found to be the distance traveled between vehicle charging, and a strategy was proposed to utilize a PDF of trip durations in the absence of exact distance knowledge. The proposed strategy was found to offer fuel and CO 2 advantages over both CD and fixed distance strategies.
Further research opportunities exist in explicitly accounting for the engine restart and tailpipe emissions by augmenting the ECMS-cost function to include variables such as catalyst temperature and penalties on restart. Furthermore, the explicit consideration of battery efficiency and lifetime as a function of state of charge has been largely ignored in this work, although the presented framework may readily incorporate these factors.
